The increasing diffusion of smartphones and tablet computers has facilitated access to product information by providing Internet access anywhere and at any time. As a result, consumers are increasingly using the mobile Internet to search for product information to help them in their purchase decisions. However, there is very little documentation of how, where and when consumers actually carry out such search. Using location-based data from a leading European product information and barcode-scanning app that contains more than 80 million observations, this study provides insights using actual consumer search behavior. The results show that consumer search on the mobile Internet is not bound to store opening hours and is likely to happen to a large extent as ongoing search during consumption. Furthermore, consumers' geographic mobility is positively correlated and previous search experience is negatively correlated with their search intensity. Finally, access to more types of information via search results, especially product related information, reduces further search on price information, suggesting that product information content can lower price sensitivity.
Introduction
The increasing diffusion of smartphones and tablet computers has facilitated access to product information by providing Internet access anywhere and at any time.
1 For consumers, the availability of product-related information is crucial, especially during the information search phase of the purchase decision process (Shugan 2004) . Examples of relevant information are prices and discounts in online and offline stores (e.g., retail prices in their vicinity), detailed product information (e.g., provided by the manufacturer or by neutral third parties) and consumer reviews (i.e., user-generated content). A consumer can obtain this information by searching the mobile web, but the use of smartphone apps is becoming the default mechanism for such searches. These apps use a combination of barcode scanning and location-based services to provide relevant information, e.g., showing only stores near the consumer when she is carrying out a price comparison. These apps are thus suited to deliver context-specific and hence more relevant information to consumers, leading to lower information asymmetries between consumers and merchants. Another way to think about mobile search is that it aids the convergence of the offline and online worlds as barcode scanning apps help consumers while shopping offline at physical stores and also provide information on online retailers. Surveys suggest that most consumers carry out product information search at or close to the point of purchase, both in space and time (TNS infratest 2013), leading to significant changes in consumer behavior. For example, according to a recent study, 75% of all smartphone users cancelled a purchase in a store shortly before check-out to buy the product somewhere else (IntelliAd 2014).
1
The number of mobile Internet users is expected to grow substantially over the next few years PwC (2013) . The increasing importance of mobile aspects for marketers is currently reflected by the shift in advertising spending. eMarketer (2013) forecasts that 36.3 % of digital ad spending around the world will go toward mobile formats in 2017 (as opposed to just 4.6 % in 2011).
While there is a lot of anecdotal and survey-based knowledge on product information search via mobile devices, there is very little documentation of how, where and when consumers actually carry out search. In this paper, we use a very large and unique behavioral dataset from a leading provider of mobile product information applications. The dataset contains more than 80 million observations across more than 2.5 million individual consumers. In addition, the dataset provides us granular detail on consumer location, allowing us to analyze location-based search behavior at an individual level. The focus of our research is to investigate how closely product information search via mobile devices is linked to potential purchases, both on the time and space dimensions. We are also able to zero in on both the quantity and quality of product information searched within the mobile app.
Our paper adds to the small but growing field of empirical research dedicated to analyzing consumer behavior on the mobile Internet. 2 This research has documented that mobile devices are used for both research and purchase (Ghose, Han, and Xu 2013) and that their use has both benefits and costs. For example, the form factor of mobile devices (smaller screen size, more difficult text entry, limited battery life) could lead to higher search costs (Ghose and Han 2011) while their portability could lead to lower search costs (Ghose, Goldfarb, and Han 2013) . Other research has shown that context matters for mobile computing in general (Chen and Kotz 2000) . Location tends to be the most important contextual factor (Ilarri, Mena, and Illarramendi 2010) as it affects information needs (Hinze, Chang, and Nichols 2010) . Other research also suggests that location matters during mobile search as search results that are close to consumers' home (Ghose, Goldfarb, and Han 2013) or to their current location (Liu, Rau, and Gao 2010, p. 370 ) are more relevant than 2 Our focus is search on the mobile Internet and its relationship to the context. There is a very large extant literature on search, especially in economics, that focuses on quantifying search costs and their impact e.g., Stigler (1961) , Weitzmann (1979) , Stiglitz (1989) . More recent work has focused on search in traditional (computer based) online settings e.g., Brynjolfsson and Smith (2000) , Spann and Tellis (2006) , Ratchford et al. (2003) , Kim et al. (2010) .
other search results, leading to changing purchase intentions (Daurer, Molitor, and Spann 2012) .
There is also some evidence that mobile search behavior impacts the response to mobile advertising behavior (Goh, Chu, and Soh 2009) . For the firm, location of mobile consumers can be beneficial for targeting (Luo et al. 2014 ).
Our research complements and extends the above research by using behavioral data comprising search behavior on the mobile Internet to examine how context -location and timeaffect search. Specifically, we describe where and when mobile search for product-related information using location-based barcode scanning apps takes place. We also analyze factors related to the search intensity. Finally, we focus on the outcome of search by describing how consumers react to the search results and how individual information choice behavior differs by information type. We do this via a series of panel-data models, first focused on search intensity and then on information choice after consumer search.
We have several novel findings. First, mobile search does not seem to be focused at the point of purchase. Specifically, we find that search volumes are not different between Sundays (when stores in our market are closed) and weekdays. This suggests consumers also carry out mobile search in many situations other than shopping (e.g., while consuming the product). Second, geographic travel (mobility), the availability of specific types of product information and contextual factors (e.g., economic surroundings, competition, and weather) influence search intensity. Third, we show that consumers search using different types of information. This information choice depends on various factors including context, product category, user experience and availability of (other) information. A novel finding here is that access to more types of information, especially product-related information, reduces search on price information, suggesting that information content can lower price sensitivity. The remainder of this study is organized as follows. Section 2 describes the large behavioral dataset and additional (contextual) data that we include in our analyses, including a brief description of the data generating process by illustrating the behavior of a typical user on a given day. Section 3 outlines our model. Section 4 details the results and their managerial implications.
We conclude with a discussion of the general opportunities for research on mobile search in the future in Section 5.
Setting and Data

Setting and Variables
Our setting is the Northern European consumer market with data being provided by one of Europe's largest and leading providers of product information and barcode scanning apps. 3 The provider offers product information that is available via a location-based smartphone app as well as on a website. In this study, we focus on user behavior related to the app. As depicted in figure   1 , the smartphone app provides a search screen (see figure 1 step 1) where product barcodes can be scanned. On the results screen, customers are able to browse through three types of available information (which varies across products). First, there is product information (see figure 1 step 2); second, there is price information (of offers in the vicinity or offers by online retailers (see figure 1 step 3); third, there is information based on user-generated content such as reviews and ratings (see figure 1 step 4). The process always starts with a search query (step 1) that returns the "results" screen. By default, the tab with the product information is displayed first. Then app users can click on price information (step 3), UGC information (step 4) and back to product information (step 2) and so on. We are not allowed to disclose the name of the app and the company due to confidentiality and privacy concerns.
### Insert Figure 1 about here ###
Because the data was generated through the smartphone app, it is possible to identify individual users. When a smartphone app is downloaded and installed, a unique anonymous user identity number (user id) is generated and transmitted with each search query emanating from that smartphone. In addition, to identify search queries that belong to one search session there is a session id. A session is defined as a series of consecutive activities (i.e., search queries or clicks) until the visitor stops or is idle for at least 20 minutes. 4 This definition of session is consistent with that used in other studies (Goh, Chu, and Soh 2009, Montgomery et al. 2004 ).
The behavior of the consumer on the search results screen is tracked and available to us.
Examples of tracked behavior are (a) a click on the price tab to view alternative offers (including pricing) for the focal product in the vicinity, (b) a click on a product guide (a product guide is a product segment specific guide provided by the app producer, e.g., a wine guide), (c) a click on user reviews, (d) a click on test reports (i.e., third-party test reports) etc. Behavior (a) is related to product information, (b) to price information and (c) and (d) to user-generated content. Other behavior that is also available to us is information on the product category of the product that was searched (e.g., food, electronics, media, etc.), the device type (e.g., iPhone), the app's version number, the country setting (e.g., Germany), and the language.
The geographic location 5 of the user at the time of the search query is also included in the data. Modern smartphones use multiple technologies to determine the current location of the device. The most important technology is the Global Positioning System (GPS) that works with 4 Please note that a session with constant ongoing activity might last longer than 20 minutes.
5
The location is specified via longitude and latitude. Note that the location is not always available as some users deactivate location services on their smartphones or because a position could not be determined (due to technical reasons). In our analyses we only consider records with available location information (approximately 60% of total observations).
signals that are received from satellites. Hightower and Borriello (2001) report an outdoor accuracy of one to five meters for this technology. However, the accuracy of GPS radio signals is lower indoors (due to distortions induced by the structure) leading to lower resolution. In a recent study on the accuracy of indoor positioning the measured root mean squared two dimensional positioning error for state-of-the-art GPS receivers was between 5 and 10 meters for wooden buildings and about 15 meters for large structures such as shopping malls (Kjaergaard et al. 2010) .
The dataset contains all mobile customer search data of the smartphone app over a period of 12 months (July 2011 through June 2012). There are two matching subsets of the data set: (1) mobile customer search query data (N > 11 million): search queries and information on search results, and (2) mobile customer click 6 behavior (N > 69 million) in the app. In most cases (72.5%), the search queries reflect the European Article Number (EAN) that can be scanned using the barcode on the packaging of products. In addition, manual text entry is possible and therefore some queries contain plain text (product name, brand name, etc.). Usually the screen that yields the results for a search query contains various different types of information. If a search query yields a result and the corresponding product is categorized (in 70.4 % of all search queries) the product category is tracked. This allows us to distinguish between high and low involvement, as well as food and non-food products in our analyses.
For our analyses we merge the search data with the click data and filter on the following criteria. Since the majority of the app users are from Germany (95.5% of all observations), we only consider data that was generated using a smartphone in a geo-location within Germany. As we use the two-dimensional geographical coordinates represented by longitude and latitude as defined in WGS84 (NIMA 1984), we apply the well-established approximation method of the minimum 6 Some authors refer to a click performed on a touch screen of a mobile device as "tap." For clarity reasons, we use the term "click" throughout this study.
bounding rectangle (Papadias and Theodoridis 1997) To analyze the data on a session level we determine the distance traveled during a session, the duration of a session and session fractions of categorical variables (e.g., fraction of grocery products in a session). To calculate the travel distance within a session we use the sequence of available data points within the session and calculate the distances between each (sequential) pair of points and then aggregate all these distances. The distance between two points is calculated as the orthodromic distance, which is the shortest surface distance between two points on the surface of a sphere (as opposed to the Euclidean distance which is used in two dimensional geometries).
The variable session distance is used as a proxy for consumers' mobility during their search.
We also control for users' past experience with the app. We calculate the number of previous clicks made by a user within the app until the time of the session or click that we analyze.
We use this number as a proxy for search experience with the barcode-scanning and product information app. Finally, we calculate the number of clicks of a user within a session as a measure of activity (i.e., search intensity). The logarithm of this variable serves as the dependent variable when we analyze search intensity on a session level. In addition to the behavioral data from the log files of the app, we generate supplementary variables. We generate dummies for time aspects (e.g., day of the week), to classify products of search queries (e.g., grocery products), and to control for the availability of information on the results screen (e.g., price information, product guide).
We then augment the behavioral data with a set of contextual data. First, we obtain data to control for demographic (e.g., population density) and economic (e.g., importance of the trade sector) differences in different regions. Each data point is matched to the corresponding county 7 or postal region 8 based on the GPS location information. Second, we include weather as a contextual variable via the use of daily weather data in the local region of the user. 9 The data was obtained from the national weather office that maintains 78 weather stations distributed over the whole country (Deutscher Wetterdienst 2013) . Using the location, we attribute the weather for that data point to the nearest weather station. Third, we create the shopping environment in terms of physical stores around each data point. We calculate the distance to the nearest store (e.g., supermarket, discounter or electronics store) in a radius of five kilometers of each data point (i.e., search location) using data on location from the nation's top ten retail companies based on revenue plus further publicly available geo-coded data. 10 In total we use data on about 40,000 physical store locations. The distance to the nearest point of interest (POI) is only considered if it is 5 km or smaller. Otherwise we assume that the presence of POI is too far to have any impact on consumer behavior. Note that we only consider stores that match the product category of the product that was searched. This variable (distance to nearest store) allows us to analyze search behavior depending on a consumer being close to a store (maybe even in a store) in contrast to locations that are not related to shopping. Table 1 gives an overview of all variables that we use in our analyses.
### Insert Table 1 about here ###   7 The political entity that is comparable to a US county is called "Landkreis" in Germany.
8
There are 95 postal regions in Germany, identified by the first two digits of the German postal code.
9
Previous work has documented effect of weather on consumer behavior e.g., weather has an effects on sales Steele (1951) and on consumer spending Murray et al. (2010) . In addition, the use of mobile devices may also be impacted by weather conditions. 10 The data was collected from the companies' websites and from www.pocketnavigation.de, a forum for pocket navigation users.
Typical Search Behavior
To get a better understanding of the data-generating process and the richness of our data, we illustrate the search behavior of one typical app user for a single day selected at random. As noted above, the data that is collected through the app includes information about the device that is used (e.g., iPhone), the products that are searched for, the type of search (e.g., barcode scan vs. manual text entry) and the location where the search took place. Since the location of each activity is known, we are able to visualize the consumer search path on a map. Connecting different search locations enables us to generate path data that could provide valuable insights for marketers (e.g., Hui, Fader, and Bradlow (2009) .
While one customer's behavior for one single day is unlikely to be representative of the behavior of the entire sample, the path data are useful as they give us some insights in to the usage of the app. Our chosen consumer is mainly active in a rather rural environment with medium sized towns. In this county the average discretionary income per citizen is low. The GDP per citizen is close to the average in the country. During the focal month this consumer used the app for 106 search queries on an iPhone. In figure 2 we illustrate the search behavior of one day, Saturday, June 9, 2012.
### Insert Figure 2 about here ###
In the morning, shortly before 9 o'clock, the consumer scans a spare part for a mowing head of a grass trimmer or brush cutter ("Stihl Mähfaden 1.6 mm"; see figure 2, location 1). This search and all the subsequent ones of this consumer on that day are conducted with the barcode scanning function of the app on an iPhone. Over the course of the month 72% of all searches were performed by scan and 28% by clicks on related products in the app. Since the location shows multiple scans on different days and because the surroundings of this location are a residential area, we assume this location is the consumer's home.
Around noon, the consumer scans another do-it-yourself product: a power drill ("Metabo 1010-Watt-Multihammer"). After that the consumer scans "The Ultimate Bourne Collection (Bluray)." The next search activity takes place at 5:09 p.m. in another location: the city center (see figure 2 location 2). The center is about 4.6 km (approx. 9 minutes by car or a 50 minute walk)
away from the first location. Because the two relevant data points are more than three hours apart, we cannot determine the mode of transportation used by the consumer to get to the city center.
However, by examining the roads and traffic patterns, walking would take almost an hour and the consumer would have to go through an industrial area and along a highway. The only form of public transportation in that area is an inconvenient regional train that would take 37 minutes to traverse this distance. So it is likely that the consumer either used a personal car or a taxi. happened to be the first game for the German national team in this tournament. Maybe the consumer prepared for a party to watch football together with friends. On his or her way home the consumer scanned a gardening product: a set of weed removal brushes ("Unkrautbürsten").
The weather on that Saturday was slightly colder (13.3 °C) compared to the rest of the month (average temperature at 15.8 °C). However, it was dry (zero precipitation) and the sunshine duration was very high that day with 7 hours 48 minutes versus this month's average of 4 hours 13 24 minutes. There was a moderate breeze (6.9 m/s; average at 3.6 m/s) with phases of high wind and moderate gale (15.1 m/s; average at 10.8 m/s) at times. Despite the windy conditions, the overall weather was suitable to work in the garden. This might be an explanation of the scanning pattern of this consumer on this Saturday. Because of the temperature and the wind the consumer probably had to find a place indoors to watch the game in the evening.
Descriptive Statistics
Our data set comprises 80 million observations that stem from 2.5 million individual users of a product information and barcode-scanning app. Table 2 gives an overview of the entire data. Because some variables are only available on a session level the sample size (N) is not the same for all variables. Also, in a few cases context data were not available. Obviously, previous user experience (measured in number of clicks within the app) is available for users that were active multiple times. For all distance variables we consider a reasonable action radius of 5 km and for the maximum plausible duration of the app usage in one session the cut-off is one hour.
### Insert
When looking at search queries (scans) by product category we find that food and beverages accounts for 40.0% of searches and is the top category, followed by media (8.4%), drugstore articles (7.3%), non-food products like do-it-yourself equipment and tobacco (6.3%) and electronics (4.4%). The fashion category has a very low share of all scanned products (0.4%). As a point of reference, the revenue share of offline retail in Germany across categories is food and beverages (including tobacco) at 38.4%, drugstore articles at 15.7% and fashion at 14% (BTE 2008) . A possible explanation for this variance is that price comparisons are difficult for fashion items as they typically do not carry a barcode or EAN, making them hard to search about via smartphones (Daurer et al. 2013 ).
As noted earlier, our data are from across the entire country. Regressing app usage (search and click volume) by county on population density, number of students in a county, importance of the trade sector and average discretionary income suggests that the main driver is population density. The number of students in a county has a positive and significant impact on the number of search queries that are produced in an area in a given time period. Further, the importance of the trade sector in a county is related to the app usage. Thus, in geographies with more trade businesses product information apps are more heavily used. The average discretionary income per citizen also has a positive sign. This may be somewhat unexpected for pure price comparison apps, but in our case the app provides product information and user-generated content in addition to price. Table 3 gives an overview on drivers of product information app usage. Table 3 about here ### An examination of temporal usage patterns also provides interesting results (see figure 3 for charts on temporal app usage). When we compare the magnitude of activity within the app with the popular weekdays for shopping (VuMA 2015), we find a similar pattern except for the weekend (figure 3). The app is widely used on Sundays, even more than on some of the weekdays. This is quite surprising as most stores in Germany are closed on Sunday by law. 11 The average app usage over the course of a day deviates from the popular shopping times in Germany as well. While the most popular shopping time is from 10:00 to 12:00 in the morning (GfK 2013), the app usage peaks at 5 p.m. (figure 4). As on weekends, we find significant activity within the app outside of business hours on all days of the week. In terms of session duration, sessions are longer on Saturdays and Sundays (figure 5). However, the distance that consumers travel while using the app (search session level) is shorter on Sundays (figure 6). A possible explanation for these patterns is that is that consumers have more time on the weekends leading to longer session duration but tend to use the app predominantly from one static location (e.g., at home). The only exceptions to this rule are small stores/kiosks that are attached to gas stations or for stores that are on the premises of a large train station.
Model
Our objective is to investigate the drivers of location-based information search. We therefore follow a modeling strategy of first determining the drivers of search intensity within a search session. We then examine the choices made by consumers on the types of information to process once the search results are available. Our modeling approach is descriptive in nature (Reiss 2011) and is typical of post-hoc analyses in marketing (e.g., the analysis of shopping baskets as in Manchanda, Ansari, and Gupta (1999) or the analysis of offline (Larson, Bradlow, and Fader 2005) or online consumer paths (Montgomery et al. 2004) ).
We begin by specifying a fixed-effects regression model (to account for unobserved consumer heterogeneity) at the user (i) session (j) combination (ij). Specifically, we model consumers' log-transformed search intensity (i.e., the number of clicks per session) as a function of their offline travel (i.e., session distance), previous experience with the app (i.e., number of previous clicks), the opening hours (i.e., closed vs. open), product category (i.e., groceries vs. nongroceries), air temperature, available choice options (i.e., price information and UGC information), location-specific demographics (i.e., fuel price level and the importance of the trade sector), day of the week as time dummies (i.e., Monday to Sunday) as well as monthly dummy variables (i.e., January to December). Consumers' search intensity is measured as the number of clicks per session, which is a count variable. The aggregation on a user session level is necessary to be able to account for product category dependent differences that we include as the fraction of the focal product category in relation to all products that were searched in a session. We use the log of the number of clicks per session as the dependent variable in order to deal with outliers (e.g., heavily
search intensive sessions from a few users). The log number of clicks per session of consumer i in session j specified as:
( 
where i is the individual-level fixed effect, the intercept and ij the error term.
Next, we model consumer search behavior within the app. Previous research has shown that consumers typically focus on three types of information during search -product (e.g., Daurer et al. 2013) , price (e.g., Dickson and Sawyer 1990) and user-generated content (e.g., Dellarocas
2003, Hennig-Thurau and Walsh 2003). The app essentially provides information in similar
buckets as the outcome of search -product information, price information, user-generated reviews, other -depending on the product that was searched (scanned). The consumer can choose to click on one or more types of information.
Given that the type of information is not constant for each search, we model the consumer decision to click on the three resulting sets of information as independent decisions. Clicking on each type of information is represented as a binary discrete choice e.g., the consumer either clicks on price information or not. Thus, we specify three discrete choice models capturing the binary choices on (1) product-, (2) price-and (3) UGC-related information. We denote these choice options as k (with k  {1, 2, 3}). Consumer i's utility from choosing choice option k of product m is therefore given by where vimtk is the deterministic part of i's utility and eimtk is the stochastic part of i's utility (McFadden 1974) . eimtk contains factors that are influencing the utility U that are either non-systematic or random. As is usual for binary choice models, we assume that consumers choose option k if their utility is larger than zero. We assume that the error term εimt is i.i.d. and follows a standard type I extreme value distribution. Thus, the probability of consumer i choosing option k when looking at product m at time t is given by:
The deterministic component of consumer i's utility is a function of their mobility (session distance), previous experience, the opening hours dummy (closed vs. open), store distance (i.e., the distance to the next discounter and supermarket), category (i.e., groceries vs. non-groceries), interaction between store distance and category, location-specific demographics (e.g., population density, discretionary income per citizen and fuel price level), air temperature, day of the week dummies as well as monthly dummies. In addition, we include control variables that account for the available choice options (e.g., product, price and user-generated content). This results in the following equation: 
Results and Managerial Implications
Intensity of Search
In this section, we present the results of the fixed effects regression based on consumers' search intensity. The first row of the results in table 4 indicates that the session distance is significant and positively correlated with the logarithm of the number of clicks per session (i.e., consumers' search intensity). We expect a 0.16 percent increase in search intensity when session distance increases by 1 kilometer 12 . Geographically mobile consumers are thus more active when it comes to mobile search. This result is consistent with previous literature (Ghose and Han 2011, p. 1683) . Moreover, the results show that usage experience is significantly and negatively correlated to the search intensity. Therefore, past experience is a negative predictor for future usage. This might be explained by the fact that experience leads to a more target-oriented and more efficient search app usage, resulting in lower search intensity. Furthermore, learning effects might cause consumers to decrease their usage intensity over time after multiple sessions (Bucklin and Sismeiro 2003) .
Perhaps the most surprising result is that consumers' search intensity is about 7 percent 13 higher when the stores are closed. This is perhaps the first documentation of the fact that mobile search is not all geared towards the purchase decision but does represent a broader search pattern (this is akin to the notion of "ongoing search" proposed in Bloch et al. (1986) ). Thus, practices such as "showrooming" (Luger 2013 ) may be less prevalent than expected. These results are also consistent with other results in digital domains (e.g., Manchanda et al. (2006) show that online advertising affects purchase behavior of current users after a temporal gap and typically not via an immediate click-through). We speculate that we find this because of two types of factors. is possible that a lot of search occurs around the time of product consumption (e.g., to learn about a product's nutrition facts or to prepare for the next purchase) and not so much at the point of sale.
Another explanation might be that consumers spend time on the weekend to view or to produce user-generated content (e.g., product reviews).
The category-specific variable grocery variable also has a significantly positive effect. A larger share of groceries increases consumers' search intensity by almost 19 percent 14 compared to non-groceries. The weather-specific variable, air temperature, is positively related to consumers' search intensity. A similar effect for sunshine has been documented in previous research (Hirshleifer and Shumway 2003) . Table 4 about here ### Our other variables also deliver some interesting insights. For instance, we control for the available information options. Both price information and UGC information are positively related to the search intensity. This finding suggests that the availability of additional information options (next to product information that is almost always available) also leads to increased search intensity. In addition, explanatory power can also be attributed to the demographic variables population density, discretionary income per citizen and fuel price level. Population density and the discretionary income have a positive impact on the search intensity. Fuel price level instead has a negative impact. While this finding is counter-intuitive it might be explained by the fact that as fuel prices increase, consumers shift to one-stop shopping formats and reduce the monthly number of shopping trips more than they reduce purchase volume (Ma et al. 2011) . Consumers' search intensity differs between the days of the week. Consumers are most active on Mondays compared to the other days of the week (the reference is Monday).
### Insert
Choice of Information
In this section, we present and discuss the results of the discrete choice models with fixed effects.
As noted above, consumers' information choice behavior is analyzed on the individual level. Table   5 presents the estimation results of the three discrete choice models. Table 6 shows the marginal effects based on the estimation results.
### Insert Table 5 and Table 6 about here ###
Recall that product information is almost always available at the end of a search query.
Therefore, we do not include R_Prod as explanatory variable. Regarding the models on price-and UGC-information, we only consider observations where the respective information is actually available. The estimates show that the session distance has a significantly positive impact on consumers' choice to search for product, price and UGC-related information. Increasing the distance by one unit increases the choice probability towards searching for product, price and This finding indicates that price information might be more important during the opening hours and thus around the time of purchase.
The distance to the nearest store has a positive effect on consumers' search behavior regarding product, price and UGC-related information, suggesting that consumers do not necessarily search at the point of sale. However, when consumers search for groceries, the distance to the nearest store has a negative and significant effect on the choice of product and UGC information. This means that the closer the proximity between consumers' location and the next store the higher the probability that product and UGC information are chosen when it comes to searching for groceries. This finding is similar to the one in Ghose et al. (2013) , who find that consumers prefer offers close to their home location. The category-specific grocery variable is significantly negative related to consumers' choice to search for product-, price-and UGC-related information. Our results show that the likelihood of searching for the three different information types decreases by between 2.5 and 6.8 percent if users are searching for groceries.
The population density as well the discretionary income per citizen has a significant negative impact on the likelihood to choose product, price and UGC-related information. In areas where consumers are more affluent, these particular types of product information seem to be less important. This is particularly relevant for price information. Similar to the session level, the fuel price is significant but has another sign compared to the population density and the discretionary income. However, the fuel price level leads to a higher choice probability regarding product, price and UGC information. Weather also has an impact on consumers' search behavior. In contrast to the results at the session level, the sign of the coefficient for air temperature indicates that it is significantly negative related to all three information types. This is correlationally consistent with previous research showing that lower temperatures are associated with negative affective states (Bell and Baron 1977) .
We also control for the information options available, the day of the week as well as the months. The availability of choice and search options (i.e., price, UGC, guide, report, other) is negatively related to all three information types, given the focal information is available (i.e., product, price or UGC). This means that the propensity to choose a certain type of information decreases if further information is available. 15 For instance, price information is less likely to be clicked on when product quality information is available. This is related to recent analytical research that proposes that for search goods especially lower quality firms are better off to display more quality related information as opposed to price information (Anderson and Renault 2013, p. 69 ). In addition, the impact of the day of the week varies between our three models. Compared to the reference Monday, Tuesdays and Wednesdays are positively related to product-, price-and UGC-related information. Apart from these days, the sign and direction of all other days of the week differ between the three different samples but are largely significant.
Managerial Implications
The results from our analyses have several implications for practitioners. First, there is a main effect of mobility. Geographically mobile users are more active in their search. Thus, firms need to make sure that they have a mobile presence in order to capitalize on decisions consumers make via this medium. Besides leading to purchases directly from the mobile platform, this could also result in increased offline purchasing (Pauwels et al. 2011) . Second, our results indicate that product information and barcode scanning apps are used (spatially) outside of stores or shopping areas (e.g., at home) to a large extent. Furthermore, we detect a considerable amount of search activity (temporally) outside of store opening hours. Thus, a significant amount of mobile search occurs away from the point and moment of purchase. This suggests that companies may be overstating the impact of mobile search at the point of purchase (Knight 2014; Luger 2013 ).
Specifically, they may be missing out a large part of the market (the ongoing searches) by focusing their resources towards providing answers for searches at the point of purchase. Third, more experienced users of mobile search exhibit a lower intensity of search, independent from the type of information. Thus, this suggests a simple targeting strategy of focusing on current users by providing them rich information about the products as well as access to user-generated content, potentially leading to higher customer retention. Fourth, the finding demonstrating that clicks on price information are lower in the presence of other information should encourage firms to provide a lot of product information along with pointers to user-generated content. This could become a valuable tactic for lowering the price sensitivity of consumers in such competitive markets.
Conclusions, Limitations and Future Research
Our research adds to the small but growing set of studies focused on the mobile Internet. In this study, our focus is on consumer search behavior using behavioral data with location-based information. We illustrate the interplay between mobile online search and offline travel behavior and we show when and how consumers use a product information and barcode-scanning app. Our findings are novel and may be summarized as follows. First, mobile search is not bound to opening hours of physical stores (e.g., comparable search volume on Sundays and weekdays) indicating that consumers also search in many situations other than shopping (e.g., while consuming the product). Second, search intensity is influenced by geographic travel (mobility), the availability of specific types of product information and contextual factors (e.g., economic surroundings, competition, and weather). Third, we show that consumers search using different types of information. This information choice depends on various factors including context, product category, user experience and availability of (other) information. A specific novel finding here is that access to more types of information, especially product related information, reduces search on price information, suggesting that information content can lower price sensitivity.
Overall, we contribute to the literature on multiple dimensions. We use actual behavioral data coupled with location data to describe consumer mobile search patterns. We provide evidence that context -location, time, availability of information choices etc. -matters for both search intensity and information choice. Finally, we show that the availability of different information choices affects the propensity to search on different dimensions in real settings.
Our analysis has some limitations, primarily driven by our data. First, the data come from one national market. Second, we only have data on what happens when the consumer uses the app.
So actions such as search queries on a computer while at home or via a mobile browser do not appear in our data. Third, we do not have access to demographics of individual consumers. Fourth, our data do not go all the way to final purchase. Finally, since we conduct a post-hoc analysis in a non-experimental setting, statements about causal relationships are difficult.
In general, the availability of location data coupled with behavioral data opens up myriad research opportunities for managers and researchers. While we focus on product search, these types of data can be used to answer questions around assortment choice at the point of purchase, the positioning and location of products within a physical store and store choice. We hope that our study spurs future research into this important area. .0000 .0000 Note: monthly dummies included in estimation Dependent variables: Click on product information, price information or UGC Models: Discrete choice models with fixed effects Significance levels: *** p < .01; ** p < .05; * p < .1 
FIGURE 5
Search session duration by day of the week Mean session durations in seconds; only sessions: 0 < t < 3600 s.
FIGURE 6
Distance traveled per search session by day of the week Mean travel distances during a session in meters; only sessions: 0 < d < 5000 m.
FIGURE 8
Clicks by day of week and day vs. night 
FIGURE 9
Heatmaps of user activity (clicks)
Subsample of greater Munich area in June 2012. Overall clicks (upper panels). Clicks for price information only (lower panels).
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